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Combinatorial techniques have changed the paradigm of materials research by 
allowing efficient screening of complex materials problems with large, multidimensional 
parameter spaces. The focus of this thesis is to demonstrate combinatorial methods (CM) 
and high-throughput methods (HTM) applied to biomaterials design, characterization, 
and screening.  In particular, this work focuses on screening the effects of biomaterial 
surface features on adherent bone cell cultures.  Polymeric biomaterials were prepared on 
two-dimensional combinatorial libraries that systematically varied the size and shape of 
chemically-distinct microstructural patterns.  These libraries were generated from blends 
of biodegradable polyurethanes and polyesters prepared with thickness, composition and 
temperature gradient techniques. Characterization and screening were performed with 
high-throughput optical and fluorescence microscopy.  A unique advance of this work is 
the application of data mining techniques to identify the controlling structural features 
that affect cell behavior from among the myriad variety of metrics from the microscope 
images.  
Libraries were designed to exhibit chemically-distinct cell-adhesive versus non-
adhesive microstructural domains that improve library performance compared to previous 
implementations that had employed only modest chemical differences.  Improving 
adhesive contrast should minimize combination of effects of chemistry and physical 
structure, making data interpretation simpler.  To accomplish this, a method of blending 
and crosslinking cell-non-adhesive poly(ethylene glycol) (PEG) with cell-adhesive 
 xii 
poly(•-caprolactone) (PCL) was developed.  The behavior  of MC3T3-E1 osteoblast cells 
cultured on the PCL-PEG libraries were observed, equivalent to  thousands of distinct 
chemistries and microstructures.  
Cell spreading area, shape, and density upon adhesion on surface patterns are 
observed in this study. Characterization of the surface library and screening of surface 
physical properties via HTM and PCA show that cell density is sensitive to the physical 
distribution, shape, solidity, and orientation of the PCL and PEG domains. Correlation is 
shown between surface pattern descriptors and the subsequent cellular adhesion 
responses. Certain spacing and shapes in surface pattern are preferred to others for 
distinct cellular states; circular pattern favors apoptotic cells, while elongated patterns 
favor viable cells - for both cases, cells preferred anchoring themselves to surface 
patterns. However, the effect of surface pattern’s solidity and area did not show any 
conclusive trend in this dataset. This might be due to the existence of correlation between 
solidity and eccentricity as described in Chapter 1. Further improvement in the surface 
pattern library generation is necessary for future studies.   
The results from this study demonstrated the potentials of CM/HTS to be applied 
to exploratory studies involving complex systems in life sciences. This study 
accomplishes the goal to demonstrate the efficient screening and exploration of vast and 
complex dataset, extracting important and meaningful information to narrow down the 
future path of study in this field.  
Further study aimed to tuning cellular responses via signals from surface cues will 
be necessary to examine the causal relationships beyond the observed correlations shown 
in this exploratory study. It is recommended for further studies to narrow down the range 
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for surface patterning around each of the three ‘activation’ ranges found in this study: 
apoptotic, viable, and one unknown state to be studied further. Different cellular-function 
staining methods will be necessary to be used in cellular imaging techniques in order to 
explore this unknown state further.  
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1 CHAPTER 1 
       INTRODUCTION 
 
1.1. Background 
The application of biodegradable materials in the medical field initially started 
with the introduction of resorbable sutures. Now this field has grown to encompass tissue 
engineering and other therapies. Tissue engineering itself has evolved from designing 
simple “biocompatible” scaffolds towards developing “bioactive” materials for 
controlling cellular and physiological responses [1-8]. 
Bioactive polymers are of interest for tissue engineering scaffolds that support 
and regulate key elements in cellular responses such as adhesion, growth and function of 
target cells. Studies have shown that both chemical and physical surface properties 
control those cellular response [3, 4, 9-16]. Hence, biomaterial design requires a thorough 
understanding of these chemical and physical surface features and their effects on cellular 
responses.  
Many studies have focused on the surface chemical aspects of signaling. Various 
ways of modifying surface adhesiveness such as using different polymer or 
coating/grafting with certain functional groups have been explored.  For example, the 
certain amino acid sequence RGD (arginine-glycine-aspartic acid) is recognized by cell 
membrane integrins and is often necessary for promoting cell adhesion in osteoblasts and 
fibroblastic cells [1-3, 9, 11, 12].  RGD is one of the known cell-adhesive domains of the 
naturally occurring extracellular matrix protein fibronectin produced by most of adherent 
cell lines for subsequent adhesion [11, 12, 17-22]. The importance of physical surface 
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features in biomaterial design has also been recognized for decades. The in vitro studies 
of mammalian cells cultured on micro-patterned substrates has made significant 
contributions to fundamental cellular biology, tissue engineering, and cell-based 
bioelectronics.  It is now widely accepted that spatial control of cellular adhesion and 
growth is critically important in these fields [4, 5, 9, 23]. It has been reported that cellular 
shape and movement (traction and migration) respond to the substrate mechanical 
strength of the biomaterial structure. This is crucial in cases such as wound healing [24, 
25].  
It is already known that surface roughness, geometric spacing of adhesive and 
non-adhesive area, and surface mechanical properties can influence some adherent 
cellular properties [1, 5, 9, 15, 26-32].  Cell behavior and cell fate dependence on cellular 
shape and anchorage in fibroblast cells have been studied for more than two decades [4, 
5, 9, 15, 23, 33-35]. The ratio of adhesive to non- adhesive area, their spacing, and 
dimensions have been shown to be geometric controls of cellular life and death [9]. Much 
of this research has been done with surface patterning techniques adopted from 
microelectronics used to create model surfaces with well-controlled resolved 
microstructures [4, 9, 11, 12, 23, 34].  
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Figure 1. Model surfaces with well-controlled resolved microstructures [9] 
 
 
However, physical microstructure and topography of applied biomaterials have 
not been explored nearly as much as their mechanical and chemical properties, despite 
their importance. Metals and various industrial plastics that are widely used for medical 
implants lack the molecular sequence and patterns crucial for normal cell function and 
therefore often trigger aberrant cell responses in longterm implantation [7]. Therefore 
more research linking chemical and physical surface properties with cell response are 
critical for future medical applications. 
    Major challenges in this scientific quest include the large number of parameters 
affecting applied biomaterial processing and synthesis. Scanning through the vast 
combinations of parameters to create surfaces with different characteristics, and growing 
cells on each of those surfaces are extremely time-consuming and limit development of 
the understanding of these effects. Combinatorial and high-throughput techniques are two 
methods that provide answers to this challenge. Apart from providing an effective data 
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acquisition, the large amount of data generated from combinatorial and high-throughput 
techniques requires equally effective and cost-efficient methods for analysis and 
evaluation. Data mining and data processing techniques are needed to cope with the large 
amount of information generated by these techniques [36].  
 
Figure 2. Illustration of Combinatorial Method and its potential applications 
 
  Combinatorial techniques have only recently been applied successfully to both 
chemical and physical aspects of biomaterial design. Chemical synthesis of 
biodegradable polymers from a diverse set of different monomers has been shown to be 
successful [2, 3, 37-41, 68]. Briefly, structurally different polymers from combinatorial 
library of tyrosine-derived polyarylates were synthesized in an array of small 20-ml glass 
vials. Each vial was charged with the appropriate mixture of monomers and reagents. The 
monomers were 8 different diacids and 14 different tyrosine-based diphenols. Chemical 
structure in diacids was used to create structural variations in the polymer backbone, 
while chemical structure of the diphenols was used to create structural variations at the 
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polymer pendant chain. From a library of systematically 112 polycarbonates, correlations 
between structure-property and cellular response were reported as shown in Figure 3.  
 
 
Figure 3. Top: Immunoflurescent staining for actin (A), vinculin (C), overlays of MC3T3 
osteoblasts and RAW 264.7. Bottom: Atomic Force Microscopy images of 5 x 




For the physical part, combinatorial methods have shown that phase separation of 
polymer blends can be utilized to create libraries of varied microstructural physical 
surface features [1, 42]. Briefly, libraries of biomaterial properties were created 
combinatorially from composition and annealing temperature gradients. The gradients 
created diverse arrays of surface properties. It was successfully demonstrated that 
osteoblast cells cultured directly on those combinatorial surfaces showed different 
cellular response upon cell-biomaterial interaction as shown in Figure 4. A similar 
approach is to be followed in this research.  
 
Figure 4.  (A) Safranin stained and (B) alkaline phosphatase (AP) stained library after 5-
day culture with UMR-106 cells showing preferential adhesion and AP 
expression on regions approximately within the PDLA/PCL two-phase LCST 
regime. (D, E) AP stained libraries after 5-day culture with MC3T3-E1 cells. 
(C, F) AP stained tissue culture polystyrene control slide after 5 days, cultured 
with UMR-106 and MC3T3-E1 cells, respectively. Insert: phase-separated 
PDLA-PCL blend library visualized with cross-polarized microscopy, scale bar 
is 190 •m, and the numbers in parentheses were T and % weight of PCL [42].   
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1.2. Combinatorial Design of Biomaterial 
1.2.1. Desired Properties of Biomaterial 
An ideally engineered tissue comprising of live cells seeded into a synthetic 
degradable matrix would have the same mechanical properties as of the natural tissue it is 
designed to replace. The focus of this research is on osteoblast cells whose natural 
environment is a multi component ECM. Therefore, the desired biomaterial should 
resemble ECM in its chemical, mechanical and surface properties. The polymer is chosen 
taking into account several factors as follows:  
a. biocompatibility and degradability  
b. ability to be patterned 
c. contrast of adhesive and non-adhesive chemistry for cellular adhesion    
d. mechanical strength. 
  The primary surface properties of interest in this research are chemical pattern, 
microstructure and surface roughness of different domains. Chemical pattern is created 
by using adhesive and non-adhesive polymer upon cellular attachment. Microstructure is 
the two dimensional pattern (size and spacing) of adhesive and non-adhesive sub 
domains. Surface roughness is the three dimensional topographic pattern of the surface 
and is dependent on microstructure. These will be used to describe surface properties of 
biomaterial that are related to cellular response.  
1.2.2. Choice of materials 
Previously, studies with poly(d,l-lactide) (PDLA) and poly(caprolactone) 
(PCL) system have been reported [1, 42]. These two biodegradable, biocompatible mates 
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have a modest difference in hydrophobicity, which leads to some degree of preferential 
protein andsorption and cell attachment on PDLA. To explore a better hydrophobic 
versus hydrophilic contrast of the two polymers in the blend, we desire to develop a 
method for blending and patterning PEG and PCL. Some properties of these polymers are 
given in Table 1. 
 


















PEG Mw =2,000 -44   49.1 1.104 20-25[43]1 3.68[43]2 2.55[43]3 
PCL Mw =80,000 -60 60 1.145 79.2 0.15 [42] 20.1 [42] 
 
Young’s modulus is the indicator how stiffness or the amount of force required to 
elongate, i.e. the material elasticity. Tensile strength indicates the stress (force/area) at 
which a material can withstand breaking. From the values above, PEG is more flexible 
than PCL; but it has less material strength compared to PCL. Therefore, PEG and PCL 
mixtures may be suitable candidates for biomaterials with adjustable mechanical 
properties.  
Both PEG and PCl are biocompatible and biodegradable. PEG is a well-known 
protein and cell-repellant surface. Increased PEG content in biomaterial has been proven 
to reduce protein adsorption and cell attachment [6, 38, 39, 44]. Many ECM and serum 
                                               
1 Extrapolated value for PEG 2000. 
2 Extrapolated value for PEG 2000, as a function of porosity. Porosity ranges from 5 to 22% 
3 Extrapolated value for PEG 2000. 
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proteins have been shown to adsorb well on PCL, due to its hydrophobic character, which 
can potentially enhance cellular attachment on biomaterial surfaces [45, 46].  
 The drawback of using PEG is that especially at low molecular weight it is highly 
soluble in aqueous media [47]. Therefore, PEG needs to be crosslinked to slow down the 
dissolution to a time scale suitable for tissue engineering.  
1.2.3. Choice of methods to design biomaterial 
1.2.3.1. Creation of patterning and contrast by phase separation  
 We desire a micropatterning method that can be extended to 3D tissue 
engineering scaffold. Previous studies have used phase separation of polymer blends 
induced by heating the film at temperatures within two-phase region [1]. This process is 
compatible with 2D and 2D scaffold and creates physically distinct sub domains on the 
surface of the polymer. We aim to use polymers with contrast in cell “adhesiveness”, 
which phase separate to induce microstructure patterns of adhesive and non-adhesive sub 
domains.  
 Incompatibility in the chemical structure and molecular weight of the two 
components leads to phase separation. The use of blends with a library of surface 
properties resulting from phase separation can be generated within one combinatorial 
sample.  Lower Critical Solution Temperature (LCST) or Upper Solution Temperature 
(UCST) phase separation induce different surface microstructure for the library as it has 
been studied previously [1, 42, 48] It is known that PDLA and PCL have an LCST. Here 









0.1 0.2 0.3 0.4 0.5 0.6 0.7 
PCL 
2 - phase 
1 - phase 
Tm, PCL 
 
Figure 5. Cloud point curve showing LCST type phase separation in PDLA/PCL system 
[42]. Cross-polarized microscopy imaging of the phase-separated library was 
shown in the insert of Figure 4.  
 
 
There are two degrees of freedom that determine the state of a binary system with 
two phases. In this study, blend composition and annealing temperature are the variables 
chosen to control phase separation. Each composition (•) and annealing temperature 
(T) will give different degrees of equilibrium phase separation. Elevated temperature for 
annealing basically moves the condition from 1 phase into 2 phase region (Figure 5). 
Generally, structures become larger as T moves deeper into 2-phase region and as time 
proceeds.  
The high-throughput creation of surfaces with different characteristics is achieved 
by phase separation of the polymer blends. Therefore, •, and T become possible control 
variables to determine the surface characteristics.  
1.2.4. Utilizing phase separation in Combinatorial Technique for Biomaterial Design 
 Phase separation has been shown to be a good means for creating microstructure 
and surface roughness combinatorial libraries [1,42]. The control variables are •, T, and 
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film thickness (h). For each sample, two of these variables from •, T, and h can be varied 
to create two dimensional arrays of data in the surface properties library.  
For imaging, crystallinity difference is used to observe the microstructure in an 
easier way. This is made possible because crystallinity contrast of the two phases can be 
observed by cross-polarized optical microscopy; the brighter area is the more crystalline 
phase of the two phases in the phase separated sample. PCL has a unique combination of 
properties to serve this purpose. Other than its crystalline nature, PCL is also the more 
hydrophobic part of the blend. Therefore, in PCL-PEG blends, brighter areas under a 
cross polarized microscope will correspond to the adhesive sub domain.  
 
1.3. Significance 
Potential uses of results from this research include cellular biology, tissue 
engineering, and material science. Fast, cheap and effective surface library design and 
scanning of properties and cellular response in combinatorial method can be used for 
biomaterial design for drug-delivery coatings, for example material whose porosity 
increases as the immersion time in aqueous media is increased; or for characterization 
and scanning of cellular response to different surface properties in cellular biology 
studies. 
When translated into 3D structure, the significance of bioactive material could 
reach as far as tissue engineering for ‘difficult-to-grow’ cell lines, such as osteoblast. 
With proper design to adjust degradation time, 3D scaffold of bioactive material can 
enhance invasion of osteoblast to re-grow its structure and gain appropriate strength; the 
scaffold degrade completely when the osteoblast structure is self-sufficient.     
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1.4. Hypotheses and Specific Aims 
The hypotheses are:  
1. Phase separation between PCL and modified PEG will create diverse 
microstructures on the surface which provide patterned size contrast in adhesive versus 
non-adhesive sub domain, with enhanced deconvolution between physical and chemical 
properties, as well as between different aspects within the physical properties itself.  
2. Surface properties have strong effects to adherent cells’ adhesion and 
spreading.  
 
The specific aims are:  
1. Develop patterned surface libraries with enhanced adhesive/non-
adhesive contrast.   
The systems under study will be blends of poly(ethylene glycol) (PEG) with 
biodegradable polymers.  The challenge of aim 1 is to develop a reasonably simple 
approach to incorporating cell non-adhesive PEG into a mechanically-robust and non-
water-soluble matrix of a cell adhesive biodegradable polymer.  Several crosslinking and 
copolymerization strategies will be explored. 
2. Screen cell functions against specific surface patterns and features.  
MC3T3-E1 osteoblasts will be cultured on patterned libraries of materials 
developed in aim 1.  A database of cell adhesion and cell spreading response as a 
function of surface physical and chemical properties will be constructed. 
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3. Utilize data mining and statistical approaches to demonstrate 
knowledge discovery.   
Statistical analysis and knowledge discovery approaches will be applied to the 
complex database developed in aim 2, to identify the surface properties (or combinations) 
that have the most significant effects on cell functions. 
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2 CHAPTER 2 
EXPERIMENTAL METHODS 
 
2.1. Micropatterned Polyurethane Preparation 
Poly(ethylene glycol) (PEG, Mw=2,000, Sigma-Aldrich), poly(caprolactone) (PCL 
Mw=80,000, Mw/Mn=1.43, Aldrich) solutions were prepared in chloroform (CHCl3, 
Aldrich). PCL was selected at high molecular mass (Mw =80000) compared to the small 
PEG (Mw=2000) to reduce the end-to-end crosslinking of PCL-PCL and PCL-PEG. 
Therefore we expect two phases in the product: a PEG-rich polyurethane phase (that 
itself contains hard domains of MDI) and a PCL-rich uncrosslinked phase. The PEG/PCL 
composition-annealing temperature (•/T) two-dimensional libraries were prepared on 
22 mm×22 mm silicon chips. Si was first treated with Piranha solutions (30 % hydrogen 
peroxide / 70 % sulfuric acid) for an hour at 80 ºC, then etched with Buffered Oxide 
Etchant (BOE) 1:6, JT Baker). Annealing temperature (80 to 120°C) and PCL 
composition (•PCL, 0 to 0.3, mass fraction) gradients were generated along orthogonal 
directions using methods described previously [6, 31].  The PEG was chain-extended 
with 4,4 Methylene bis-phenyl diisocyanate (MDI, Sigma-Aldrich) and Pluracol® (a 
triol, Mw=430, BASF) in Tetrahydrofuran (THF, EMD).  Driven by crystallization and 
LCST (lower critical solution temperature) phase separation mechanisms, PEG and PCL 
phases were separated to form specific surface phase patterns.  
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2.2. Chemical composition analysis.  
FTIR was used to verify the chemical composition of the gradient films by 
averaging 32 scans and resolution of 4 cm-1. Spectral analysis was done with PEAKFIT 
software.  
For non-crosslinked films, PCL was identified with its distinct carbonyl peak at ~ 
1730 cm-1. PEG is identified with the ether peaks at ~ 1100 cm-1. For crosslinked 
urethanes, urethane linkages are identified with NH group stretching at ~ 3300-3347 cm-
1. [1,2] 
 
Figure 6. Change in PEG ether groups’ ordering after crosslinking with MDI reflected by 






















2.3. Image Acquisition 
Microstructures were studied by crossed-polarized optical microscopy and 
fluorescent microscopy. These two different types of images were at the same grid of 
spots on the libraries using a custom, robotic multi-channel microscope. All images and 
relative information were organized and stored for further image processing and data 
analysis. Typically, for a 22 mm×22 mm library, at 10× magnification rate, 324 images 
(1,200 •m×900 •m each) were acquired from distinct locations. 
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3.1. Image and Data Analysis 
Quantitative descriptions of surface lateral patterns and cell proliferation were 
attained by image processing with ImageJ (NIH) and Matlab™. Dimensionality reduction 
method via principal component analysis (PCA) was used to handle the complex, 
correlated dataset. Six descriptors of PCL features were used: area, solidity, eccentricity, 
major axis length, minor axis length, and PCL-to-PCL spacing.  Five descriptors of cell 
adhesion response were used: cell area, feret diameter, perimeter, eccentricity, and cell 
density. Because these descriptors are not necessarily independent measures of pattern 
morphology, PCA [1] was used to reduce the dimensionality of the data.  Briefly, the 
dataset was normalized followed by extraction of eigenvalues and eigenvectors from the 
singular value decomposition matrix of the normalized dataset.  These eigenvalues were 
used to determine the minimum number of linearly-independent descriptors 
(eigenvectors) needed to describe at least 99% of the variance in the data.  
3.1.1. Principal Component Analysis 
The purpose of principal component analysis is to derive a small number of 
independent linear combinations (principal components) of a set of variables that capture 
as much of the variability in the original variables as possible.  
PCA was introduced by Harold Hoteling [2] in a psychology research application. 
PCA is a widely used technique to explain correlations within a dataset. It was developed 
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very extensively in social sciences, where correlations within a dataset were frequently 
expected. Up to date, this method is still being continuously used and developed [3].  
To better illustrate the arrangement of points across many correlated variables, 
PCA can be used to show the most prominent directions of the high-dimensional data. 
Using principal component analysis reduces the dimensionality of a set of data. PCA is a 
way to picture the structure of the data as completely as possible by using as few 
variables as possible. 
For n original variables, n principal components are formed as follows: 
• The first principal component is the linear combination of the 
standardized original variables that has the greatest possible variance.  
• Each subsequent principal component is the linear combination of 
the standardized original variables that has the greatest possible variance and is 
uncorrelated with all previously defined components.  
Each principal component (PC) is calculated by taking a linear combination of an 
eigenvector of the correlation matrix with a standardized original variable. The 
eigenvalues show the variance of each component. 
PCA is important in visualizing multivariate data by reducing it to 
dimensionalities that are graphable. 
To illustrate, starting with a scatterplot for two highly correlated variables., it is 
possible to compute a linear combination of the two variables that best captures the 
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scatter of the points by performing PCA. The results from PCA would be the PCs, in this 
illustration two PCs were used, with the combination indicated by the P1 line as shown 
on the left in Figure 7. Rotating and reflecting the plot so that P1 is the variable on the 
main axis, as seen on the right in Figure 7, gives you the best one-dimensional 
approximation of a two-dimensional cloud of points. This rotation step will be explained 
further in the next sections (see Varimax Rotation). The second principal component, P2, 
describes the remaining variation. This is an example of a principal-component-
decomposition for two variables followed by factor rotation. Similarly, the best three-
dimensional view of higher dimensional data can be obtained by placing their first three 
principal components as the spinning axes and examining the plot. 
 
 
Figure 7. Illustration of two variables before (left) and after (right) PCA 
 
 
PCs is shown in columns of values that correspond to the eigenvectors for each of 
the principal components, in order, from left to right. Using these coefficients to form a 
linear combination of the original variables produces the principal component variables. 
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3.1.2. Factor Rotation (Varimax Method) 
Rotations are used to better align the directions of the factors with the original 
variables so that the factors may be more interpretable. Clusters were expected of 
variables that are highly correlated to define the rotated factors. The rotation's success at 
clustering the interpretability is highly dependent on the number of factors that were 
chosen to be rotated. 
After the initial extraction, the factors are uncorrelated with each other. If the 
factors are rotated by an orthogonal transformation, such as varimax, the rotated factors 
are also uncorrelated. The varimax method tries to make elements of this matrix go 
toward 1 or 0 to show the clustering of variables.  
3.1.3. Clustering 
Clustering is the technique of grouping rows together that share similar values 
across a number of variables. Clustering is an exploratory technique to help understand 
the clumping structure of a dataset. Three common clustering methods are: 
• Hierarchical clustering is appropriate for small tables, up to several 
thousand rows. It combines rows in an hierarchical sequence portrayed as a tree.  
• K-means clustering is appropriate for larger tables, up to hundreds 
of thousands of rows. It makes a fairly good guess at cluster seed points. It then 
starts an iteration of alternately assigning points to clusters and recalculating 
cluster centers. The number of clusters needs to be specified before the start the 
process. Optimum number of clusters is reached when the reduction of total sum 
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of distance in the dataset from the nearest clusters slows down (or ‘flatten out’) 
with respect to addition of cluster center.  
• Normal mixtures are appropriate when data is assumed to come 
from a mixture of multivariate normal distributions that overlap. Maximum 
likelihood is used to estimate the mixture proportions and the means, standard 
deviations, and correlations jointly. This approach is particularly good at 
estimating the total counts in each group. However each point, rather than being 
classified into one group, is assigned a probability of being in each group. The 
EM algorithm is used to obtain estimates.  
3.1.3.1. K-means clustering 
K-means clustering is an iterative follow-the-leader strategy. First, the user must 
specify the number of clusters, k. Then a search algorithm goes out and finds k points in 
the data, called seeds, that are not close to each other. Each seed is then treated as a 
cluster center. The routine goes through the points and assigns each point to the cluster it 
is closest to. For each cluster, a new cluster center is formed as the means (centroid) of 
the points currently in the cluster. This process continues as an alternation between 
assigning points to clusters and recalculating cluster centers until the clusters become 
stable. 
K-means is a doubly-iterative process. The clustering process iterates between 
two steps in a particular implementation of the EM algorithm: 
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• The expectation (E) step of mixture clustering assigns each 
observation a probability of belonging to each cluster.  
• For each cluster, a new center is formed using every observation 
with its probability of membership as a weight. This is the maximization (M) step.  
This process continues alternating between the expectation and maximization 
steps until the clusters become stable. 
The k-means approach to clustering performs an iterative alternating fitting 
process to form the number of specified clusters. The k-means method first selects a set 
of n points called cluster seeds as a first guess of the means of the clusters. Each 
observation is assigned to the nearest seed to form a set of temporary clusters. The seeds 
are then replaced by the cluster means, the points are reassigned, and the process 
continues until no further changes occur in the clusters. When the clustering process is 
finished, you see tables showing brief summaries of the clusters. The k-means approach 
is a special case of a general approach called the EM algorithm, where E stands for 
Expectation (the cluster means in this case) and the M stands for maximization, which 
means assigning points to closest clusters in this case. 
The k-means method is intended for use with larger data tables, from 
approximately 200 to 100,000 observations. With smaller data tables, the results can be 
highly sensitive to the order of the observations in the data table. 
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Dataset is standardized by Standard Deviation; this means distances are to be 
calculated so that for each dimension, the difference is scaled by an overall estimate of 
the standard deviation of each variable.  
 
3.2. Applications of PCA in life sciences  
 
Application of PCA was initially started in a psychology research [2]. However, the 
current applications of PCA has spread to other fields, including life sciences, especially 
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4 CHAPTER 4  
DISCOVERY OF UNIQUE MICROPHASE-SEPARATED FEATURES IN 








Combinatorial methods (CM), employed in parallel with high-throughput 
screening (HTS), allow efficient exploration of complex materials in multidimensional 
parameter space.  In this study the CM-HTS approach was used to explore 
microstructures in polyurethanes and polyurethane-polyester blends.   In particular, the 
system studied was a polyurethane based on polyethylene glycol (PEG) blended with 
linear polycaprolactone (PCL). We identified  regions of composition and temperature 
leading to novel phase-separated microstructures in the 1 to 100 µm range, with minimal 
degradation (in weight %) in aqueous media.  Desired microstructures were observed at 
triol-to-PEG ratios from 50 to 70 mass %.  The microstructures were classified into 
groups using a density-dependent principle components analysis.  Surface features 
included circular islands, rings, and worms up to 70 µm in size and 1 µm in height, as a 
function of PCL concentration.  The minimum degradation after 1 d immersion in 
aqueous media was 5.5 mass % at preparation conditions 35% mole excess MDI and 60% 
by mole Pluracol with respect to the stoichiometric PEG. 
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4.1. Introduction 
One of the most complex challenges facing soft materials science and engineering 
is the design and development of ‘intelligent’ biomaterials.  These are materials with 
specific, combined chemical and physical functionalities that interact with cells to create 
desired biological responses [1-8]. For adhesion-dependent cells, the effect of surface 
physical features and their coupling with chemistry is significant but remains poorly 
understood.  Surface topography, geometric spacing of chemically-distinct 
microstructures, and surface mechanical properties are known to influence cellular 
responses [4, 6, 9-17].  For example, varying the ratio of ‘cell adhesive’ to ‘non-cell 
adhesive’ domain area and spacing imposes a geometric control of fibroblast viability and 
proliferation [10]. Cell shape and movement (traction and migration) are also affected by 
substrate modulus [14, 18].  Much of this fundamental research has utilized lithographic 
techniques to create 2D surfaces with well-controlled spatial and chemical patterns [1, 4, 
10, 19-22]. Natural-patterning phenomena based on microphase separation, self-
assembly, and crystallization are attractive alternatives for creating three-dimensional 
structures within the inner surfaces of scaffolds for tissue engineering..  However, the 
link between cell responses and self-organizing physical surface features of soft, 
polymeric biomaterials has not been investigated to the same extent as the 
lithographically-prepared surfaces. 
Challenges for phase-separating, microstructured materials characterization 
include the large number of parameters and the limited ability to predict accurately the 
microstructures.  Combinatorial methods (CM) have recently been applied to characterize 
soft biomaterial libraries prepared over a large number of compositional and processing 
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variables. [2, 3, 24-32]  High-throughput screening (HTS) provides for rapid 
measurement of properties on these libraries.  Data mining and informatics are utilized to 
model and analyze the large amount of information generated [23]. 
For example, discrete libraries of biodegradable polymers synthesized from 
tyrosine-derived arylate monomers was used along with data mining methods to develop 
structure-property relationships for fibroblast function [2, 3, 24-28]. Phase separation and 
dewetting  [6, 29-31] of polymer blends can be utilized to create libraries containing 
continuous gradients of properties including surface energy, crystallinity, composition 
[32], film thickness (h), and annealing temperature (T). CM methods were used to create 
biomaterial libraries with composition, thickness and annealing temperature gradients, 
displaying diverse arrays of surface roughness and lateral microstructure properties.  It 
was successfully demonstrated that cell functions of osteoblasts and aortic smooth muscle 
cells cultured directly on the libraries showed strong dependence on the extent and type 
of phase-separation [6, 33, 34] 
A generalized understanding of the relationship between surface properties and 
cellular responses is not yet established for phase-separating biomaterials like PDLA-
PCL and PLGA-PCL. This is due in part to the coupling of chemical and physical surface 
properties inherent to phase-separation in these systems, making it difficult to identify 
each effect.  One potential solution might be the use of a phase-separated biomaterial 
system with better chemical contrast between domains.  Fthis study focuses on 
developing blends of strongly hydrophilic and hydrophobic materials that have 
previously been shown to resist or promote cell adhesion, respectively.   
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CM/HTS methods were applied herein to explore the phase-separated 
microstructures generated for a family of biomedically-relevant poly(ethylene glycol) 
(PEG) polyurethanes, and their blends with poly(caprolactone) (PCL), a biodegradable 
polyester.  PEG is chosen because it is biocompatible and resistant to protein and cell 
adhesion [5, 27, 28, 35]. PCL is chosen based on its excellent cell adhesive properties, 
biodegradability, and prior history in FDA compliant devices [12, 36]. In addition to 
biological and chemical aspects, PEG and PCL also have compatible physical and 
mechanical properties as shown in Table 1. With the advantageous PEG hydrophilicity 
comes the drawback of PEG’s high solubility in water. This problem will be resolved by 
crosslinking PEG with urethane bonds to reduce its dissolution rate in water. A di-
isocyanate and a triol were used to form both di- and trifunctional urethane with the 
hydroxyl ends of PEG.  In addition to providing chemical crosslinks, hydrogen bonds 
between urethane bonds lead to crystalline hard domains that act as physical crosslinks. 
These crosslinks, in turn, contribute to the gelation of the crosslinked polymer. 
 



















-44 49.1 1.104 20-25[37] 3.68[37] 2.55[37] 
PCL Mw 
=80,000 
-60 60 1.145 79.2 0.15[31] 20.1[31] 
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4.2.  Materials and Methods 
Micropatterned Polyurethane Preparation. Poly(ethylene glycol) (PEG, 
Mw=2,000, Sigma-Aldrich), poly(caprolactone) (PCL Mw=80,000, Mw/Mn=1.43, 
Aldrich) solutions were prepared in chloroform (CHCl3, Aldrich). PCL was selected at 
high molecular mass (Mw =80000) compared to the small PEG (Mw=2000) to reduce the 
end-to-end crosslinking of PCL-PCL and PCL-PEG. Therefore we expect two phases in 
the product: a PEG-rich polyurethane phase (that itself contains hard domains of MDI) 
and a PCL-rich uncrosslinked phase. The PEG/PCL composition-annealing temperature 
(•/T) two-dimensional libraries were prepared on 22 mm×22 mm silicon chips. Si was 
first treated with Piranha solutions (30 % hydrogen peroxide / 70 % sulfuric acid) for an 
hour at 80 ºC, then etched with Buffered Oxide Etchant (BOE) 1:6, JT Baker). Annealing 
temperature (80 to 120°C) and PCL composition (•PCL, 0 to 0.3, mass fraction) gradients 
were generated along orthogonal directions using methods described previously [6, 31].  
The PEG was chain-extended with 4,4 Methylene bis-phenyl diisocyanate (MDI, Sigma-
Aldrich) and Pluracol® (a triol, Mw=430, BASF) in Tetrahydrofuran (THF, EMD).  
Driven by crystallization and LCST (lower critical solution temperature) phase separation 
mechanisms, PEG and PCL phases were separated to form specific surface phase 
patterns.  
 Chemical composition analysis. FTIR was used to verify the chemical 
composition of the gradient films by averaging 32 scans and resolution of 4 cm-1. For 
non-crosslinked films, PCL was identified with its distinct carbonyl peak at ~ 1730 cm-1, 
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while PEG is identified with the ether peak at ~ 1100 cm-1. For crosslinked urethanes, 
urethane linkages are identified with NH group stretching at ~ 3300-3347 cm-1. [38, 39] 
      Cell Lines. Osteoblasts were chosen as the mammalian cell line used for  for 
this research. The reasons behind this choice are two-fold. From cellular biology, much 
research has  on this cell line has made this a well-characterized system. For future 
applications of biomaterials, osteoblast growth and behavior is crucial to a wide range of 
orthopedic therapies.   Such as coating on prosthesis or post-surgery implant to enhance 
adhesion and healing.   
Image Acquisition. Microstructures were studied by crossed-polarized optical 
microscopy and fluorescent microscopy. These two different types of images were at the 
same grid of spots on the libraries using a custom, robotic multi-channel microscope. All 
images and relative information were organized and stored for further image processing 
and data analysis. Typically, for a 22 mm×22 mm library, at 10× magnification rate, 324 
images (1,200 •m×1000 •m each) were acquired from distinct locations. 
 Analysis. Quantitative descriptions of surface lateral patterns and cell 
proliferation were attained by image processing with ImageJ (NIH) and Matlab™. Six 
descriptors of PCL features were used: area, solidity, eccentricity, major axis length, 
minor axis length, and PCL-to-PCL spacing.  Because these descriptors are not 
necessarily independent measures of pattern morphology, principal component analysis 
(PCA) [40] was used to reduce the dimensionality of the data.  Briefly, the dataset was 
normalized followed by extraction of eigenvalues and eigenvectors from the singular 
value decomposition matrix of the normalized dataset.  These eigenvalues were used to 
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determine the minimum number of linearly-independent descriptors (eigenvectors) 
needed to describe at least 99% of the variance in the data.  
 
4.3. Results and Discussion 
The challenge with PEG dissolution in aqueous media was approached by 
crosslinking it with MDI to create a polyurethane network.  The ratio of MDI to PEG was 
adjusted to find a composition yielding a minimum dissolution after 1 d immersion in 
aqueous culture media..  The results, shown in Figure 8, indicate an optimal composition 
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Figure 8. Film weight loss (%) in aqueous media versus Excess MDI with respect to 
PEG (%) 
 
In addition to MDI, Pluracol™ is used to add some degree of tri-functional 
crosslinking to PEG to control its dissolution. .  Dissolution rate for 3 days immersion 
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period in aqueous culture media was 5.5 +/- 3.8 %. Mass for Pluracol concentration from 
20 % to 80 % relative to the moles of PEG.  
Figure 9 illustrates the simultaneous effect of varying Pluracol concentration in 
addition to adjusting curing temperature.  The difference in brightness of the phases 
shown in Figure 9 was due to differences in birefringence of the phases under cross-
polarized light.  The PCL-rich phase is more crystalline, hence it shows as the brighter 
phase compared to the more amorphous, crosslinked PEG-rich phase.  Temperature, 
together with Pluracol concentration, affects the degree of crystallinity of the PEG-rich 
phase. Increasing annealing temperature at low Pluracol concentration enables the PEG-
rich phase structure to have higher birefringence due to its higher crystallinity. However, 
at high Pluracol concentration, crystallization in the PEG-rich phase is likely more 
constrained due to the crosslinking, and increasing annealing temperature no longer  
leads to observable differences in the PEG-rich phase’s birefringence under cross-
polarized light. Higher annealing temperature enables greater mobility and coalescence of 
the PCL-rich phase.  Hence, at high Pluracol concentration, larger PCL-rich features are 
shown at higher annealing temperature.  High-throughput screening of the library shown 
in Figure 9 narrows down the region of interest to between 40 % to 70 % Pluracol to PEG 
mole ratio. This range captures enhanced physical contrast between crystalline and non-
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Figure 9. Combinatorial library of phase-separated features at different annealing 
temperature and Pluracol composition (10x magnification of cross-polarized 
image).   
      
To cover a wider range of PCL features’ size and shape than the ribbon-like 
features in the region of interest from Figure 9 above, PCL concentration was varied from 
0.16 to 0.68 mole ratio of PCL to PEG while maintaining the annealing temperature 
gradient from 80 to 110oC. Optical cross-polarized micrographs of the library exploring 
PCL composition (at constant MDI composition at 20% mole excess and Pluracol at 50% 
mole ratio, both calculated with respect to PEG) is shown in Figure 10. The 
combinatorial library of surface lateral patterns covers the range of diverse shapes and 
sizes of the lateral patterns; from several microns circular islands to ~70 um ribbon 
patterns. The height of the features ranges from 0 to ~ 1 um. Similar d microstructure 
300 •m 
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have been previously reported to be generated by a flow-induced effect during phase-
separation [41, 42]. However, the microstructure reported were at least one-order-of-
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Figure 10. Combinatorial library of phase-separated features at different annealing 




Principal component analysis was used to analyze the quantitative data from 
image analysis of the patterned surfaces represented in Figure 10.  Six parameters were 
be examined: area, solidity, eccentricity, major diameter, minor diameter, and spacing.  
Spacing is defined as Euclidean distance between the center of mass of one feature to its 
closest neighbor. Definitions of the other parameters are explained in Table 3. Briefly, the 
dataset was normalized followed by extraction of eigenvalues and eigenvectors from the 
300 •m 
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singular value decomposition matrix of the normalized dataset.  These eigenvalues were 
used to determine the minimum number of linearly-independent descriptors 
(eigenvectors) needed to describe the variance in the data.  
 
 
Table 3. Definitions of Solidity, Eccentricity, Major Diameter, and Minor Diameter 
 
Parameter Definition Illustration 
Solidity Solidity = Solid-fill 
area/Total area * 
100% 
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Table 4. Table of Eigen Values for each Principal Component 





PC 1 6.39E-02 51.17 
PC 2 4.32E-02 34.56 
PC 3 1.63E-02 13.02 
PC 4 1.37E-03 1.10 
PC 5 1.33E-04 0.11 















Figure 11. Cumulative percentage of variance explained plotted against the number of 
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From Table 4 and Figure 11, the first three PCs captured more than 99% of the variance 
in the dataset. Furthermore, the principal parameters are identified by the magnitude of 
the eigenvectors as shown in Table 5.  Solidity, eccentricity, and spacing are the principal 
descriptors in explaining the whole dataset’s variance.  
 
Table 5. Eigen Vectors of the dataset extracted with PCA 
 
Factors Eig PC 1 Eig PC 2 Eig PC 3 Eig PC 4 Eig PC 5 Eig PC 6 
Area -1.78E-04 4.77E-03 -1.58E-02 3.15E-01 -2.49E-01 9.16E-01 
Solidity 3.55E-03 -2.82E-01  9.51E-01 1.25E-01 1.89E-02 -2.01E-02 
Eccentricity -1.08E-02 9.59E-01  2.84E-01 4.19E-03 1.37E-02 2.18E-03 
Major D -3.10E-04 2.96E-02 -7.80E-02 6.85E-01 -6.03E-01 -4.01E-01 
Minor D 6.78E-04 1.48E-02 -9.60E-02 6.45E-01 7.58E-01 -1.75E-02 




One limitation in this conclusion is the correlations that exist between area, 
solidity, and eccentricity as shown in Figure 12 and Table 7. Solidity and eccentricity 
exhibit the strongest correlation..  This is due to the dominant shapes inherent in the 
library. For example, for elongated features (chains) with high eccentricity, the solidity is 
lower (with ‘holes’ in the ‘chains’).   The value of the three principal parameters that 
characterizes the major shapes observed in the library is shown in Table 6. Analysis was 
performed on 1000 features visually categorized as chains, worms, or rings, and data was 







Table 6. Analysis on major shapes in the library (Bar: 5 •m) 
 










































Circular rings and island features dominate over ribbon and worm-like features by 
the number of occurrences. However, there is no difference in the spatial distribution 
between circular and elongated shapes.  This deconvolution of spatial distribution and 
shape will likely be a crucial key element in studying cellular response to biomaterials 






























Figure 13. Spacing of PCL features based on different shapes (Red: eccentricity between 





4.4. Conclusions and Future Directions 
 
 
PCL-rich features exhibiting a variety of shapes, sizes, and spacings within a PEG-
rich phase background was obtained from high-throughput screening of combinatorial 
libraries in material composition and processing temperature. PCL-rich phase shapes 
observed included ‘rings’, ‘chains’, and ‘worms’.  Deconvolution of the control of  
spacing, size, and shape of PCL features was achieved by varying the composition of 
MDI, the tri-functional chain extender Pluracol, the PCL content, and the annealing 
temperature. Optimum composition and annealing temperature to achieve minimum 
weight loss upon immersion into aqueous solution (~ 1 d), and desired visual contrast 
between surface patterns and background, are achieved at 34% MDI mole excess with 
respect to PEG, between 40-70% mole ratio of Pluracol to PEG, and at annealing 
temperature of ~ 110o C.  The ability to generate the library with different ratio of 
adhesive-vs-non-adhesive area within the surface pattern, as well as the effect of shape, 
orientation, area, and spacing will play an important role for further cellular response 
studies focusing on effect of surface physical cues on adherent cells.   
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5 CHAPTER 5 
DISCOVERY OF CELLULAR RESPONSES IN ADHESION OF OSTEOBLAST 








This study demonstrates the efficient screening and exploration of a complex 
dataset that was generated by high-throughput cell culture on polyurethane libraries.  
Correlation is observed between surface pattern descriptors and the subsequent cellular 
adhesion responses described by cellular spreading area, shape, and density.  Specific 
values of spacing in surface patterns are favored for cell adhesion: cells shows preference 
to adhere close to or on surface patterns composed of polycaprolactone dispersed in a 
poly(ethylene glycol)-based polyurethane matrix.  Furthermore, pattern shapes are 
correlated with cell spreading behavior: high solidity patterns favor small, circular cells, 
while low solidity patterns favor large, elongated cells. However, there is no apparent 
correlation between eccentricity and cell spreading.  
 
5.1. Introduction 
The role of surface features in biomaterial design is significant, but poorly 
understood. The use of micro-patterned surfaces created with microlithography to culture 
mammalian cells has contributed significantly to studying fundamental cellular biology, 
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tissue engineering, and cell-based bioelectronics. Spatial control of cellular adhesion and 
growth is critically important in these fields [1, 2, 3, 4]. 
It is already known that surface roughness, geometric spacing of adhesive and 
non-adhesive area, and surface mechanical properties can influence some cellular 
responses upon adhesion [1, 2, 5, 6].  Cell behavior and cell fate dependence on cellular 
shape and anchorage in fibroblast cells have been studied for more than two decades [1, 
2, 3, 4, 5, 6]. The ratio of adhesive to non- adhesive area, their spacing, and dimensions 
have been shown to be geometric controls of cellular life and death [2]. It has been 
reported that cellular shape and movement (traction and migration) are affected by a 
biomaterial scaffold’s mechanical strength, a result crucial to designing successful 
biomaterials for wound healing [6]. Much of this research has been done with surface 
patterning techniques adopted from microelectronics used to create model surfaces with 
well-controlled properties [6]. However, the physical microstructure and topography of 
applied biomaterials have not been explored nearly as much as have their mechanical and 
chemical properties. Metals and various industrial plastics that are widely used for 
medical implants often lack the molecular sequence and patterns crucial for normal cell 
function, and can therefore trigger aberrant cell responses [6]. Therefore, more research 
investigating the link between chemical and physical surface properties and cellular cell 
response is important for future medical applications.   
 
5.2. Materials and Methods 
           Micropatterned Polyurethane Preparation. Poly(ethylene glycol) (PEG, 
Mw=2,000, Sigma-Aldrich), poly(caprolactone) (PCL Mw=80,000, Mw/Mn=1.43, 
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Aldrich) solutions were prepared in chloroform (CHCl3, Aldrich). PCL was selected at 
high molecular mass (Mw =80000) compared to the small PEG (Mw=2000) to reduce the 
end-to-end crosslinking of PCL-PCL and PCL-PEG. Therefore we expect two phases in 
the product: a PEG-rich polyurethane phase (that itself contains hard domains of MDI) 
and a PCL-rich uncrosslinked phase. The PEG/PCL composition-annealing temperature 
(•/T) two-dimensional libraries were prepared on 22 mm×22 mm silicon chips. Si was 
first treated with Piranha solutions (30 % hydrogen peroxide / 70 % sulfuric acid) for an 
hour at 80 ºC, then etched with Buffered Oxide Etchant (BOE) 1:6, JT Baker). Annealing 
temperature (80 to 120°C) and PCL composition (•PCL, 0 to 0.3, mass fraction) gradients 
were generated along orthogonal directions using methods described previously [6, 31].  
The PEG was chain-extended with 4,4 Methylene bis-phenyl diisocyanate (MDI, Sigma-
Aldrich) and Pluracol® (a triol, Mw=430, BASF) in Tetrahydrofuran (THF, EMD).  
Driven by crystallization and LCST (lower critical solution temperature) phase separation 
mechanisms, PEG and PCL phases were separated to form specific surface phase 
patterns.  
          Cell Lines.  Mouse osteoblasts (MC3T3-E1 subclone 4 from ATCC, Rockville, 
MD, passage 6 or 7) were used for this research for two reasons.  From cellular biology, 
much previous research has made this a well-characterized model system [1,9,10,28]. For 
future applications of biomaterials, osteoblast growth and behavior is crucial to a wide 
range of orthopedic therapies.  
Cell Culture and Assays. After sterilization (70% EtOH solution, 30 min), 
mouse osteoblast-like cells were seeded onto combinatorial chips of surface lateral 
patterns at a density of 5,000 cells/cm2 and were cultured in DMEM with 10% fetal 
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bovine serum, L-glutamine and streptomycin at 37°C in a humidified 5% CO2 
atmosphere for 4 hours. Cell counter staining is done with Hoechst 33342 (Invitrogen).  
The MC3T3-E1 cell line was chosen based on previous experience culturing them on 
PCL, and based upon their ability to reproduce certain behaviors of normal mouse 
osteoblast [9]. 
Image Acquisition. Surface lateral patterns and cell density were studied by 
cross-polarized optical and fluorescent microscopy.  These two different types of images 
were acquired sequentially over a grid of positions on each library by using a multi-
channel microscope equipped with a robotic image acquisition system.  Typically, for a 
22mm×22mm library, at 10× magnification rate, 324 images from distinct locations 
(1,200•m×1000•m) were acquired.  Quantitative descriptions of surface lateral patterns 
and cell proliferation were attained by image processing and analysis using ImageJ (NIH) 
and Matlab™ software. 
          Analysis. Quantitative descriptions of surface lateral patterns and cell 
proliferation were attained by image processing with ImageJ (NIH) and Matlab™.  Six 
descriptors of PCL features were used: area, solidity, eccentricity, major axis length, 
minor axis length, and PCL-to-PCL spacing.  Because these descriptors are not 
necessarily independent measures of pattern morphology, PCA [40] was used to reduce 
the dimensionality of the data.  Briefly, the dataset was normalized followed by 
extraction of eigenvalues and eigenvectors from the singular value decomposition matrix 
of the normalized dataset.  These eigenvalues were used to determine the minimum 
number of linearly-independent descriptors (eigenvectors) needed to describe at least 
99% of the variance in the data.  
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Rotations are used to better align the directions of the factors with the original 
variables so that the factors may be more interpretable. We expect for clusters of 
variables that are highly correlated to define the rotated factors. The rotation's success at 
clustering the interpretability is highly dependent on the number of factors that you 
choose to rotate. 
After the initial extraction, the factors are uncorrelated with each other. If the 
factors are rotated by an orthogonal transformation, such as varimax, the rotated factors 
are also uncorrelated. The varimax method tries to make elements of this matrix go 
toward 1 or 0 to show the clustering of variables.  
 
5.3. Results and Discussion 
The combinatorial library of surface lateral patterns covers a range of diverse 
shapes and sizes from circular islands only a few several microns in diameter to ribbon 
patterns nearly 70 µm long. The height of the features ranges from 0 to 1 µm. The results 
are shown in Figure 14. The bright areas shown under cross-polarized light are the 
crystalline PCL domains, while the amorphous PEG-rich background is shown as the 
dark area. PEG crystallization is suppressed due to formation of crosslinks in the 
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Figure 14. Combinatorial library of phase-separated features at different annealing 
temperature and PCL composition (10x magnification of cross-polarized 
image). Bar: 300 •m. 
 
To illustrate the use of PCA to extract correlations information from the library, 
the subsequent images (Figure 15 and Figure 16) compare analysis using traditional one-
to-one correlation of the pure parameters (Figure 15) and correlation between principal 
components from the dataset after rotation with Varimax method (details in Chapter 3) 
following PCA (Figure 16)).  
Traditional one-to-one correlation between actual measured quantities for surface 




Figure 15.  Results from image analysis of cells cultured on libraries.  Top: Area 
coverage (%) of crystalline features. Bottom: Cell density (# of cells per 1.2 
mm2).   Image is comprised of 324 data points from 22x22 mm library, each 
point being derived from 1,200 x 1,000 µm size image). 
 
The image analysis results from cell culture grown on the library illustrated in 
Figure 14 are shown in Figure 15 (top) for the PCL feature size.  Osteoblast density after 
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1 day of culture growth on the library is shown in Figure 15 (bottom).  Note that the 
chosen surface metrics, area coverage of PCL and cell density, are plotted versus the 
actual library preparation variables, annealing temperature and PCL concentration.  There 
is an apparent “negative” correlation between crystalline PCL area coverage and cell 
density. For example, within the rectangular boundaries in Figure 15, high crystalline 
area coverage corresponds to low cell density. In the oval boundaries in Figure 15, low 
crystalline area coverage corresponds to high cell density.  However, there are regions 
where this negative correlation was not followed as well.  The presentation of 
microstructural and cell-adhesive results as a function of library preparation conditions in 
Figure 15 is not a robust method for observing structure-function relationships.  Rather, 
we desire direct knowledge of the correlation between cell density and the local 
microdomains surrounding cells.  In particular, the consideration of % coverage of 
crystalline area probably overlooks other factors that influence cell function.  This 
includes the ‘local’ distance between each cell and the neighboring PCL islands.  This 
information cannot be captured by looking ‘globally’ at the variation of parameters over 
the library surface, as Figure 15 does.  Further investigation into the details of the surface 
lateral patterns is needed so that we can better describe the cell-biomaterial interaction.   
Therefore, the data from each image on the library in Figure 14 and the 
subsequent results from cell culture grown on it were analyzed with local cell-feature 
histograms (LCFH) [66,67,70], obtained by sorting various surface parameters and the 
cell density into bins.  This approach offers several advantages: (1) the local interactions 
between cells and their immediate neighbors is considered, (2) the actual physical 
dimensions on the surface are illuminated, and (3) a wide range of surface feature 
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descriptors (anything that can be calculated from image analysis) can be used as 
independent variables.  Figure 16 presents a LCFH analysis of the data from image 
analysis of cell culture grown on library depicted in Figure 14.  Two candidate surface 
parameters are the area of a PCL-crystalline domain and its distance from each adherent 
cell.   Figure 16 was constructed by sorting the distance between each cell and the PCL-
crystalline features of a certain size, and counting the occurrences of each combination. 
The peaks in Figure 16 show that cells adhere preferably to certain combinations of 
distance and PCL size, and that other combinations are not preferable.  This presentation, 
in terms of the local microstructural parameters surrounding each cell, allows a more 
direct exploration of the cell-surface relationships than Figure 15.  However, in order to 
interpret LCFH correctly, one must consider the experimental results relative to random 
sampling, e.g., a random distribution of cells around the PCL islands will also produce 
certain distinct peaks.  The ratio of the experimental to random reference histogram can 
be used to determine a probability distribution for cell attachment and to identify features 
that can act to influence, positively or negatively, cell attachment.   
On PEG-MDI-Pluracol / PCL libraries novel PCL phases with ring-like 
morphology (Figure 16-insert) were discovered. Effects of PCL island size on cell 
attachment were analyzed and smaller PCL islands (Figure 16) were associated with 




 Figure 16. PCL feature size distribution (green solid circles) and cell attachment 
distribution on PEG-MDI-Pluracol/PCL Library (blue open squares). Inserts: 
Green=PCL phase; red= cell actin, bar = 100µm)  
 
As shown in Figure 15 and Figure 16, changing focus from average to individual 
cell-surface pattern interaction opens up an opportunity to extract more information from 
the dataset. To further improve the efficiency of data analysis, PCA is employed to 
handle the complexities in the amount of data and potential artificial correlations between 
image metrics used.  
PCA was used to analyze the quantitative data from image analysis of the 
patterned surfaces represented in Figure 14. Six parameters from surface pattern 
descriptor were examined: area, solidity, eccentricity, major diameter, minor diameter, 
and spacing. Spacing is defined as Euclidean distance between the center of mass of one 
feature to its closest neighbor. Five parameters from cellular adhesion response were 
examined: total number of cells captured in the same image, cell spreading area, cell 
perimeter, cell Feret diameter, and cell eccentricity. Briefly, the dataset was normalized 
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followed by extraction of eigenvalues and eigenvectors from the singular value 
decomposition matrix of the normalized dataset.  These eigenvalues were used to 
determine the minimum number of linearly-independent descriptors (eigenvectors) 
needed to describe the variance in the data.  
 
Table 8. Definitions of Eccentricity and Feret Diameter 
 
 









Feret Diameter The longest distance 
between any two 
points along the 
selection boundary 
(also known as 
caliper length).  
Feret Diameter of the ellipse above is the 
length of line AB.  
 
Results from PCA on cellular responses are presented below in Table 9 and 
Figure 17, it is concluded that two PC is sufficient to explain the majority of variance in 






Table 9. Table of Eigenvalues for each Principal Component (PC) 






Table 10. Table of Eigenvectors for each Principal Component (PC) from PCA of 






Figure 17. Scree plot of Eigenvalue of each PC  
 
Results from Table 9 show that the first two PCs extracted with PCA contain all 
the parameters in the dataset.  From the magnitude of eigenvectors in the first two PCs 
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presented in Table 10, cell spreading area (represented by area, perimeter, and feret 
diameter) and cell shape (represented by eccentricity) are the top dominant factors in the 
list, while the weaker one is the cell density (represented by number of cells captured 
within the same image at image acquisition). Further examination of descriptors of cell 
spreading (represented by area, perimeter, and feret diameter) showed strong correlations 
among themselves as illustrated in Figure 18.  
 
 
Figure 18. Correlations among cellular descriptors 
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K-means clustering is used to identify the presence of different states in the cells 
within the dataset. Briefly, the k-means approach is a special case of a general approach 
called the EM algorithm, where E stands for Expectation (the cluster means in this case) 
and the M stands for maximization, which means assigning points to closest clusters in 
this case. The optimum clustering is identified when optimum sum of distance is 
achieved with respect to the number of clusters.   
The result from k-means clustering for cellular descriptors is illustrated in      
Figure 19 with color coding drawn on the scatterplot matrix to illustrate positions of the 
clusters with respect to the raw cellular data.   
  
     Figure 19. Results from k-means clustering reaching optimum at 3 clusters.  





















The clustering result from cellular descriptors is as follow:  
1. Green cluster: small cellular spreading, small eccentricity ‡ small, 
circular cell (Cluster center: cell area 110, eccentricity 0.44) 
2. Red cluster: small to medium cellular spreading, large eccentricity ‡ 
small to medium, elongated cell (Cluster center: cell area 250, eccentricity 
0.59) 
3. Blue cluster: large cellular spreading, large eccentricity ‡ large, elongated 
cell (Cluster center: cell area 1820, eccentricity 0.66) 
 
The next step is to examine any correlations between the cellular descriptors to 
the surface pattern descriptors. The clustered properties from the cellular dataset are used 
to correlate to the clustered properties on the surface pattern dataset. Superimposing 
method is used to check on correlations between cluster assignment resulting from 
cellular descriptors and cluster assignment from surface pattern descriptor. Cluster labels 
from cellular descriptor clustering are superimposed (applied) to the surface patterns 
closest to each cell. 
Briefly, each cell is correlated to the closest neighboring (or directly underneath) 
surface pattern, based on Euclidean distance between the center-of-mass of the cell to the 
center-of-mass of the surface pattern. Details on surface patterns descriptors were 
supplied in Chapter 4. Briefly, PCA was used to identify surface pattern area, spacing, 
solidity and eccentricity as the main surface descriptors, embedded in the three PCs 
identified from PCA. Those three surface descriptor PCs, containing the four surface 
descriptors, are rotated with Varimax method (details explained in Chapter 3) to yield 
orthogonal factors to enhance visualization of the clustering. The resulting clustering in 
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Figure 20. Scatterplot Matrix of PC1, PC2, and PC3 of surface pattern descriptors after 
Varimax Rotation (details of Varimax was explained in Chapter 3) 
 
 
Figure 20 shows that clustering labels in cellular responses corresponds to 
clustering in surface pattern descriptors, as well. PC1 contains spacing, while PC2 and 
PC3 contain eccentricity and solidity, of surface pattern descriptors – PC2 is dominated 
by eccentricity, while PC3 is dominated by solidity (Table 5). Correlation between 
surface pattern descriptors to cellular descriptors is inferred from the co-location of each 
cluster assignments from cellular descriptors when superimposed on surface pattern 
descriptors. Figure 20 above provides the following observations: 
1. Green cellular descriptor cluster (small, circular cells) co-locates with low 
PC2 (small eccentricity) from surface pattern descriptor ‡ small, circular 
cells co-locates with circular surface pattern  
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2.  Red cellular descriptor cluster (small-to-medium, elongated cells) co-
locates with medium PC2 (medium eccentricity) from surface pattern 
descriptor ‡ small-to-medium, elongated cells co-locates with moderately 
elongated surface pattern  
3. Blue cellular descriptor cluster (large, elongated cells) co-locates with 
high PC2 (large eccentricity) from surface pattern descriptor ‡ large, 
elongated cells co-locates with elongated surface pattern.  
 
Certain cellular size and shape is known to indicate specific cellular state [9]; for 
example: small and circular cells indicate apoptotic cells, while large, spread out cells 
indicate live and growing cells. The findings and comments on the correlation between 
cellular descriptors and surface pattern descriptors, were summarized in the first four 
columns in Table 11 (Note: the comments on some possible related cellular states were 
solely based on inference from cell size and shape).   
Visualization of cellular descriptor clustering is represented in the following 
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Figure 21. Superimposed clustering result based on cellular descriptors on original (T,•) 
surface pattern library 
 
The chains of correlations from cellular response back to the surface descriptors 
show correlation between surface pattern descriptors and the subsequent cellular adhesion 
responses. Applying the color code to data from Table 3 above, cluster centers from the 
three clusters presented in      Figure 19 indicate three different modes from the dataset. 
Taking the clustering results (color coded) and applying the cluster designation 
(presented in      Figure 19) to surface descriptor data (presented in Figure 12 and Table 
6) yielded the summary presented in Table 11.  
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 Table 11. Analysis on cellular response clustering and correlation between cellular 































































































 Table 11 shows that specific spacings are favored upon adhesion.  Namely cells 
show preference to adhere close to or on surface patterns.  Furthermore, certain pattern 
shapes are correlated to certain cellular states, e.g. circular patterns favors small, circular 
cells, while elongated patterns favor large, elongated cells. This is in line with previous 
studies from Chen et al., who studied geometric control of cell life and death, and found 
that certain area and spacing of adhesive patterns induced certain cell adhesion areas and 
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cellular states [9]. Solid, circular adhesive patterns were correlated to small, circular 
spreading area on adhered cells, and this was correlated to apoptotic cell state.  However, 
the effect of surface pattern’s solidity does not show any conclusive trend in this dataset. 
This might be due to the existence of correlation between solidity and eccentricity as 
described in Chapter 1.  Further study is needed to examine the causal relationship and 
getting confirmation on the exact mechanism of perception from the cells toward the 
surface patterns.  
 
5.4. Conclusions and Future Directions 
Correlation is observed between surface pattern descriptors and the subsequent 
cellular adhesion responses. Certain spacing in surface pattern is favored for cell 
adhesion: i.e. cells shows preference to adhere close to or on surface patterns. 
Furthermore, certain shapes are correlated to certain cellular states, i.e. circular pattern 
favors apoptotic cells, while elongated patterns favor viable cells. However, the effect of 
surface pattern’s solidity and area did not show any conclusive trend in this dataset. This 
might be due to the existence of correlation between solidity and eccentricity as described 
in Chapter 1. Further improvement in the surface pattern library generation is necessary 
for future studies.   
Research in the field of cellular study with the ultimate goal to tune cellular 
responses via signals from surface cues will need an examination of a causal relationship 
beyond this observed correlation between surface patterns and cellular adhesion 
responses. More specifically, confirmatory study on the exact mechanism of perception 
from the cells toward the surface patterns is necessary. This study accomplishes the goal 
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to demonstrate the efficient screening and exploration of vast and complex dataset, 
extracting important and meaningful information to narrow down the future path of study 
in this field.     
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6 CHAPTER 6 
SUMMARY AND RECOMMENDATIONS 
 
6.1. Summary 
PCL-rich features exhibiting a variety of shapes, sizes, and spacings within a PEG-
rich phase background was obtained from high-throughput screening of combinatorial 
libraries in material composition and processing temperature. PCL-rich phase shapes 
observed included ‘rings’, ‘chains’, and ‘worms’.  Deconvolution of the control of  
spacing, size, and shape of PCL features was achieved by varying the composition of 
MDI, the tri-functional chain extender Pluracol, the PCL content, and the annealing 
temperature. Optimum composition and annealing temperature to achieve minimum 
weight loss upon immersion into aqueous solution (~ 1 d), and desired visual contrast 
between surface patterns and background, are achieved at 34% MDI mole excess with 
respect to PEG, between 40-70% mole ratio of Pluracol to PEG, and at annealing 
temperature of ~ 110o C.  The ability to generate the library with different ratio of 
adhesive-vs-non-adhesive area within the surface pattern, as well as the effect of shape, 
orientation, area, and spacing will play an important role for further cellular response 
studies focusing on effect of surface physical cues on adherent cells.   
Correlation is observed between surface pattern descriptors and the subsequent 
cellular adhesion responses. Certain spacing in surface pattern is favored for cell 
adhesion: i.e. cells shows preference to adhere close to or on surface patterns. 
Furthermore, certain shapes are correlated to certain cellular states, i.e. circular pattern 
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favors apoptotic cells, while elongated patterns favor viable cells. However, the effect of 
surface pattern’s solidity and area did not show any conclusive trend in this dataset. This 
might be due to the existence of correlation between solidity and eccentricity as described 
in Chapter 1. 
This study accomplishes the goal to demonstrate the efficient screening and 
exploration of vast and complex dataset, extracting important and meaningful 
information to be used in future studies. Possible further studies on the current results on 
cell-to-surface pattern correlation include surface design to grow functional cells/tissues.  
In general, potential applications to the new method of generating surface pattern 
library include structure-property understanding of co-polymers or polymer blend (doped 
polymer) behavior, such as coating adhesion or surface tear-resistance. Applications of 
the HTS are virtually on every new exploration of new, multi-parameter problems, where 
resources are limited.  
6.2. Recommendations 
Further improvement in the surface pattern library generation is necessary for 
future studies to enable a full deconvolution of spacing, size, and shape. Research in the 
field of cellular study with the ultimate goal to tune cellular responses via signals from 
surface cues will need an examination of a causal relationship beyond these observed 
correlations between surface patterns and cellular adhesion responses. More specifically, 
confirmatory study on the exact mechanism of perception from the cells toward the 
surface patterns is necessary.  
Co-staining protocols enhancement will be needed to enable high-throughput 
image acquisition in one-step imaging. It is desired to get cell functions and/or key 
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proteins staining, such as BrDU, vinculin and/or vitronectin, to be achieved on the same 
combinatorial chip with the surface pattern imaging in order for correlational studies 
from surface patterns to cellular states to be possible.   
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